Abstract: Brain-computer interface (BCI) systems translate the imagination in the human brain to an action in real world by means of machines. These systems can prove to be a blessing for severely impaired patients in terms of BCI prosthetics. This paper proposes a motor imagery classification system based upon Wavelet Packet Decomposition (WPD) and Support Vector Machine (SVM). The wavelet packet transform is used for both selection of sensory motor frequency band and feature extraction. The publically available BCI competition-IV data set-I has been used to evaluate the performance of the proposed scheme. The obtained classification results outperform the previously reported results of the technique Noise Assisted Multivariate Empirical Mode Decomposition (NA-MEMD) for subjects 'a' and 'b', where 'a' and 'b' refers to two subjects from BCI competition data set-IV. 
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Introduction
The Brain-Computer Interface (BCI) is a tool to detect brain activities associated with external stimulus, thoughts and mental tasks, and to facilitate the communication and command to external world through technological means. These systems can help severely disabled patients to communicate with and control several devices which can make their lives comparatively comfortable. The electrical nature of brain (Caton, 1875) gave a new dimension to it and paved the way for discovery of Electroencephalogram (EEG) (Berger, 1929) . The BCI systems use EEG, functional magnetic resonance imaging, Magnetoencephalography (MEG) and several other techniques. The most prevalent, economical and easy-to-use technique with high temporal resolution is noninvasive EEG. A BCI system is a challenging simultaneous application of neuroscience, machine learning, signal processing and control systems.
Every motor action in human body has an origin in human brain. Whenever a motor action is accomplished by any part of human body, it is initiated in the form of a thought and corresponding activation of neurons in the corresponding part of motor cortex in human brain. When a subject gets inhibited due to damage of neurotransmitters in any part of the body resulting in impairment of body movement, the imagination of motor action remains in the brain but the action is not fulfilled due to damage in the normal communication pathways of the body. The imagination action in brain causes neuron firing, which can be accessed by means of EEG and several other techniques, called motor imagery. The accessing and classification of Motor Imagery (M.I.) from EEG signals is very important for designing a BCI system for neuro-prosthesis and other applications. EEG signals are non-stationary in nature, so Wavelet Transform is a better choice than Fourier Transform for processing with frequency and time information simultaneously (Dhiman et al., 2013) . This paper presents a unique feature extraction mechanism using wavelet packet transform and approximate entropy. The EEG signals are decomposed at 8 th level using WPD, the coefficients are extracted and approximate entropy is computed at each node of the 8 th level decomposition to give a feature vector. The computed feature vector is presented to support vector machine. The classification accuracies obtained are compared with the reported results in literature. The objective of present research is to develop a scheme based on wavelet packet analysis and SVM to increase the classification rate for motor imagery events in human EEG signals. The proposed system can find applications in neuronal rehabilitation of severely impaired subjects, mind reading, emotion accessing, neuro-feedback based games and entertainment. The paper is organised in five sections. Section 2 puts forth the literature review, Section 3 presents materials and methods, Section 4 carries results and discussions and Section 5 concludes the work along with future directions.
Literature review
The early work (Vidal, 1973; Vidal, 1977) on BCI was a milestone; however, the low speed of computing platforms caused very slow progress in this area of research for a long time. During 1990s, the increasing speed of microprocessors fuelled lots of work in the area. A communication and control of external prosthetic devices for severely disabled patients using frequency analysis and translation mechanism is given in (Wolpaw et al., 1991) . An intracranial electrode implant in the brain of a cat is presented in (Maynard et al., 1997) . Quantification of event-related desynchronisation (ERD) or event-related synchronisation (ERS) in time and space is demonstrated on data from a number of movement experiments (Pfurtscheller and Lopes 1999) . Spatial filters for multichannel EEG effectively extract discriminatory information from two populations of single-trial EEG, recorded during left-and right-hand movement imagery (Ramoser et al., 2000) . The motor imagery has an important role in EEG-based BCI systems, and suggests that mu and beta rhythms can provide independent control signals (Mcfarland et al., 2000) . Motor imagery can modify the neuronal activity in the primary sensorimotor area in the same way as with a real body movement (Pfurtscheller and Neuper, 2001) .
The review about research on cognitive tasks and methods for generating and controlling specific changes in EEG that may be useful in driving a BCI system is presented in (Curran and Stokes, 2003) . Common spatial subspace decomposition (CSSD) for analysis of multichannel EEG signals for two tasks (left and right hand movements) is presented in Wang et al. (2004) . An algorithm called One-Versus-the-Rest is presented as an extension of common spatial patterns (CSPs) to extract information about an activity from EEG signals (Wu et al., 2005) . Motor imagery and EEG based control of spelling device and neuro-prostheses are presented in Neuper et al. (2006) . The computational challenges for non-invasive BCI are addressed in Popescu et al. (2008) .
Dimensionality reduction for motor imagery classification from EEG data is given in Naeem et al. (2009) . A feature extraction mechanism from EEG data for BCI using higher order statistics is addressed in Shahid et al. (2010) . Various soft computing approaches for EEG signal processing are explained in Majumdar (2011) . A method based on spectral power and joint regression model for M.I. classification is presented in Hu et al. (2012) . A BCI system using the P300 signals corresponding to visual stimuli is developed for controlling the movement of object in Singla et al. (2012) . A survey on BCI along with various issues and challenges is presented in Tyagi and Nehra (2013) . A system for real time acquisition and processing of EEG signals in MATLAB is presented in Singh and Bansal (2014) . The effect of electrode positions, derivation methods, and harmonics on the performance of a steady state visual evoked potential (SSVEP)-based BCI are presented in Xing et al. (2015) . A classification mechanism for M.I. based upon Multivariate Empirical Mode Decomposition is given in Park et al. (2013) .
Materials and methods

Data set
BCI Competition IV Dataset I is taken for the present research work. The data in this dataset were recorded by the data providers using 59 electrodes with 10/20 international electrode placement scheme (Jasper, 1958) from four healthy subjects with BrainAmp MR plus EEG amplifier. The data were sampled at 1000 Hz and also a down-sampled version at 100 Hz is available at the website (Blankertz et al., 2007) . In order to reduce computational efforts, 100 Hz down sampled version of data is used for the present experiments. For this data set, three motor imagery tasks namely left hand, right hand and foot (both feet) were given to a subject and the subject was required to choose only two of them. The M.I. tasks chosen by subject 'a' were left hand and foot, while subject 'b' chose left hand and right hand. A total of 200 trials per subject were performed. In each trial, the subject imagined one M.I. task for duration of 4 seconds. The M.I. tasks were randomised among trials so that each subject performed each M.I. task 100 times in total. The subjects were presented a cue according to the timing scheme in Figure 1 so that starting and terminating times for an M.I. task were well defined. Based on neurophysiological insight (Park et al., 2013) , out of the 59 EEG channels, 11 channels were selected for analysis, i.e., 'FC3', 'FC4', 'Cz', 'C3', 'C4', 'C5', 'C6', 'T7', 'T8', 'CCP3' and 'CCP4' according to the 10-20 system, since the central area of the brain is associated with motor imagery responses (Yuan et al., 2008) . 
Wavelet packet decomposition
Wavelet Packet decomposition gives time and frequency information simultaneously, so it has emerged as a better option for processing non-stationary signals like EEG. Wavelet Packet Transform processes signals by a series of quadrature mirror filters and is a generalised form of Discrete Wavelet Transform. A complete binary tree structure is given by WPD by splitting the approximations as well as detailed coefficients. At each decomposition level k, there are 2 k numbers of nodes available (Jiao et al., 2014) . Figure  2 shows the symbolic representation of the process of decomposition of signal using wavelet packet analysis (Dhiman et al., 2014) . The WPD for a signal g(t) is given by (Jiao et al., 2014; Mallat, 1999) : 
Figure 2 Wavelet packet analysis decomposition tree up to 8 th level decomposition (Dhiman et al., 2014) Note:
The numbers in boxes are level and node number respectively.
In the proposed research work, WPD is carried out at eighth level resulting in 256 coefficients. The motor imagery is contained in the frequency band 8-32 Hz of EEG signals. Corresponding to the 8-32 Hz frequency band, 124 out of total 256 wavelet coefficients are selected for computing the feature vector.
Computation of feature vector
Approximate Entropy is computed at all the 124 selected nodes at 8 th level of WPD. The 124 nodes out of 256 are selected corresponding to the major band 8-32 Hz, containing motor imagery activity in EEG signals. Total 11 channels (Park et al., 2013) are used for computation of feature vector. The detailed computation of approximate entropy of EEG signals is given in Srinivasan et al. (2007) .
Support vector machine
The data sets {(x 1 , y 1 ), . . ., (x m , y m )}, contains x patterns having y class labels. Support Vector Machine (SVM) is basically a binary classifier. The two class labels in the present application are +1 and -1 representing the two classes and are presented with the data during training of SVM. An optimal hyperplane, intended to give maximum separation between the two classes, is constructed by the quadratic programming optimisation problem (QPP) given below. A soft margin can be constructed by introducing a slack variable β i , i = 1, . . ., m, here m = number of samples. The QPP becomes (Dhiman et al., 2014; Tang and Durand, 2012) : 
Results and discussion
The data for subjects 'a' and 'b' from Dataset I of BCI Competition IV, are taken for the present research. The cue, timing information and other information available in the description of data set are used to segment the data in the form of one segment for one trial. Each segment is processed with wavelet packet decomposition at 8 th level, resulting in 256 decomposition coefficients. The 124 wavelet packet coefficients corresponding to frequency band 8-32 Hz containing M.I. activity, are selected for further processing. Approximate entropy (ApEn) at all these WPD coefficients is computed to generate feature vector. The feature vector is computed for 11 channels (listed in section 3.1); these channels cover the major motor imagery region of the brain (Park et al., 2013) . The feature vector is of size 11×124=1364 and is computed for each segment of EEG. The label information is provided for training of SVM. A ten-fold cross-validation is used for testing the proposed scheme. Figure 3 presents the flow chart for the proposed scheme. Multivariate Empirical Mode Decomposition. Here 'n' is the number of spatial filters in the approach reported in (Park et al., 2013) One can observe that the classification result obtained for subjects 'a' and 'b' outperform the classification results reported in Park et al. (2013) . 
Conclusion and future scope
The BCI can facilitate a severely disabled patient to communicate with or control the devices without using the brain's output pathways of peripheral muscles and nerves. The proposed scheme is tested on data corresponding to subjects 'a' and 'b' from dataset 1 of BCI-Competition IV. The algorithm has been developed in Matlab programming environment. The future scope includes dimensionality reduction (through various means) of feature vector in order to make the scheme computationally efficient.
